Visualizing Classifications of Hierarchical Models of Cortex
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1. Feed-forward hierarchical models of cortex

The HMAX model of visual cortex (an alternating network of S cells
and C cells based on the simple and complex cells of Hubel and
Wiesel [1962]) achieves accuracy above 80% in the complex task of
detecting animals in images of natural scenery [Serre et al., 2007].
However, it is unclear whether the model is using features
extracted from the animal or finding spurious statistics in the data
set [Pinto et al., 2008]. We implement an HMAX model (PANN:
Petascale Artificial Neural Network [Brumby et al., 2009]) and
propose a method of answering this question,
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Results indicate that PANN's detection of animals with an unbiased
linear-kernel SVM (Support Vector Machine) is sometimes based on
the image background rather than the animal itself.
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2. Visualizing the classification

Color map:

~Red (ot}
Features extracted
from this region
contributed to

classification
(.. animal)

Features from this

contribute to
classification

Blue (cold)
Features from this
region contributed
toward negative
classification

(i not animaf)

Two images correctly classified as
‘animal’(eft panels), and the contribution
to the classification of each region
superimposed onto the image (right
panels)

T
|
|
|
|
|
|
|
|
|
|
\ ~Green:
|
|
|
|
|
|
|
|
|
|
|

We created an algorithm for visualizing the degree to which
different regi i to the image’s ification. In the
right panels above, the color of a region indicates whether the
image region contributed features that pulled the image’s
classification toward the positive (red) or negative (blue) class. In
particular,

[ The ‘hotter’ regions caused the image to be classified as ‘animal. ]

Above, we see that the ‘hot! regions are sometimes a part of the
animal (top row), and sometimes they are not (bottom row).

3. Tracing classification decision through the
network

In order to visualize the classification of an image, we trace the
contribution /i(x;) of each feature i. This process begins at the
feature vector (the output of the model), and traces back to the
image (the input to the model).

We illustrate this process for a single feature below.
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4. Was the classification based on the animal
or the background?

Examples of images (left), the contribution of each image region to the
classification (center), and the contribution of only the regions that
overlap the animal, using hand-segmented images (right).

Our vi ion shows which image regions contributed to the
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image’s classification. Clearly, the correct classification of animal is
sometimes caused by the image’s background. This inspires the
question,

When g
the network, we pass all of the
parent’s contribution to that one
child,

What would the class be if we considered only the contributions
of extracted from pixels belonging to the animal?

5. Experiment

We tested our model on the binary decision task of determining
whether or not an animal appears in an image of natural scenery.
Using the AnimalDB data set [Torralba and Oliva, 2003], we trained
our model with 600 images and tested on the remaining 600.

We compared the classification accuracy of both Naive Bayes and
unbiased linear-kernel SYM classifiers on the test set, considering all
features extracted from the image (full image’) as well as features
only extracted from regions of the image containing the animal
(‘animal only).
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Naive Bayes Fulimage | 822% | 37.9% | 723% | 123

Naive Bayes Anmal | gaaw | aew | % | 127
only

UnearkemelSVM | Fullimage | 808% | 218% | 79.5% | 165
Animal

Linear-kernel SVM | eso% | 218k | Tiew | 116

In the above table, we see that excluding the background features
slightly improves Naive Bayes, but it causes the SVM hit rate to
decrease by 15.8%.

Using hand-segmented images (above), we annotate which image

‘These results indicate that the SVM sometimes relies on features
from the image’s background when detecting an animal.

regions belong to the object, and which belong to the
This allows us to reclassify the image using only features extracted
from the animal, and not from the background.

6. Performance across categories
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Form of the classifier

Given an input X = (21, 72, ..
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where we call (x; the contribution of feature i [Poulin et al. 2006). For a Naive
Bayes classifier, we have.
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In our experiments, unbiased SVMs performed as well as biased SVMs, in which the
classification function includes a constant offset.
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Equations for tracing the classification
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Re ification using features from the animal
We partition the features into those that were extracted from the

animal (A), and those that were extracted from the background
(B). This allows us to rewrite our classification function,
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Now we reclassify using only the features extracted from the
object,
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Comparing our new class prediction /.4 to our previous prediction
7 tells us whether the correct classification of animal was based on
features extracted from the animal or from the background of the
image.

Sensitivity to number of features
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